Abstract: Understanding how the dynamics of vegetation growth respond to climate change at different temporal and spatial scales is critical to projecting future ecosystem dynamics and the adaptation of ecosystems to global change. In this study, we investigated vegetated growth dynamics (annual productivity, seasonality and the minimum amount of vegetated cover) in China and their relations with climatic factors during 1982-2011, using the updated Global Inventory Modeling and Mapping Studies (GIMMS) third generation global satellite Advanced Very High Resolution Radiometer (AVHRR) Normalized Difference Vegetation Index (NDVI) dataset and climate data acquired from the National (1) annual mean NDVI over China significantly increased by about 0.0006 per year from 1982 to 2011; (2) of the vegetated area in China, over 33% experienced a significant positive trend in vegetation growth, mostly located in central and southern China; about 21% experienced a significant positive trend in growth seasonality, most of which occurred in northern China (>35°N); (3) changes in vegetation growth dynamics were significantly correlated with air temperature and precipitation (p < 0.001) at a region scale; (4) at the country scale, changes in NDVI was significantly and positively correlated with annual air temperature (r = 0.52, p < 0.01) and not associated with annual precipitation (p > 0.1); (5) of the vegetated area, about 24% showed significant correlations between annual mean NDVI and air temperature (93% positive and remainder negative), and 12% showed significant correlations of annual mean NDVI with annual precipitation (65% positive and 35% negative). The spatiotemporal variations in vegetation growth dynamics were controlled primarily by temperature and secondly by precipitation. Vegetation growth was also affected by human activities; and (6) monthly NDVI was significantly correlated with the preceding month's temperature and precipitation in western, central and northern China. The effects of a climate lag of more than two months in southern China may be caused mainly by the abundance of precipitation. These findings suggest that continuing efforts to monitor vegetation changes (in situ and satellite observations) over time and at broad scales are greatly needed, and are critical for the management of ecosystems and adapting to global climatic changes. It is likewise difficult to predict well future vegetation growth without linking these observations to mechanistic terrestrial ecosystem processes models that integrate all the satellite and in situ observations.
Introduction
As part of the biosphere, vegetation plays an important role in regulating the global carbon cycle [1] [2] [3] [4] . Vegetation helps maintain climatic stability in many ways, including photosynthesis, evapotranspiration, modifying surface albedo and roughness [5, 6] . There has been increasing realization of the importance of vegetation and its sensitivity to climate change [7] [8] [9] [10] . Variations in vegetation and the relationship and interaction of vegetation with climate have become important issues in global change research [11] [12] [13] [14] [15] [16] [17] . Field surveys and remote sensing technology are commonly and widely used approaches to monitoring changes in vegetation dynamics. Field surveys can generate accurate information related to vegetation dynamics, but they are time-consuming and spatially limited [18, 19] . Remote sensing technology is becoming more widely used because it is very efficient and provides high spatial and temporal resolution [20] . Jordan [21] first proposed a Simple Ratio (SR) index to describe the status of vegetation. However, in areas of high vegetation cover, measurements of this index will increase without limit. Tucker [22] proposed a normalized difference vegetation index (NDVI) that varies between −1 and 1. The NDVI exploits the contrast in reflectance between the infrared and red portions of the electromagnetic spectrum and is well correlated to leaf area index (LAI), chlorophyll abundance, absorption of photosynthetically active radiation (fPAR) and gross primary production (GPP) quantity [7, [23] [24] [25] .
Many researchers have conducted studies on NDVI trends of different ecosystems and their relationships to climate change at various scales, such as the global scale [4, [25] [26] [27] [28] [29] [30] , high northern latitudes [10, 31] , North America [7, 17] , the Hindu Kush-Himalayan region [32] , the African continent [33, 34] and the northern Eurasian continent [16] . China, with its varied climates, diverse ecosystems, rapid urbanization and significant land-use/land-cover change, has attracted the attention of numerous researchers. Previous studies have found that growing season vegetation cover in China increased significantly over the last three decades [10, 15, [35] [36] [37] [38] [39] [40] . Nevertheless, several recent studies show a prominent slowdown in the positive trend of growing season NDVI during the 1980s and 1990s, which occurred in China by the mid-1990s [13, 16, 41] . Regarding the different trends in each season, Peng et al. [35] and Piao et al. [38] have found that NDVI in April and May (AM) has increased the most. However, detailed analysis of the monthly NDVI allows deeper understanding of interannual variation. Previous studies have also discussed vegetation dynamics at different altitudes [14, 37, 41] and in different ecosystems [35, 37, 41, 42] . Different vegetative regions should also be taken into consideration as the effects of local climate may also cause differences in NDVI trends. However, while most researchers use seasonal mean NDVI data, a number of other annual NDVI indices exist (such as annual minimum NDVI and annual standard deviation) that capture other aspects of vegetation dynamics. These indices use knowledge of land cover, minimum apparent cover and seasonal variation of photosynthetic activity [43, 44] . More work is needed to combine these indices, so that researchers can detect trends in vegetation dynamics using the long time series of the NDVI dataset [45] .
Concerning the relationship between vegetation and climate, it has been found that temperature has a significant positive influence on vegetation growth in China [46] . Piao et al. [37] found a three-month lag period between the maximum trend in temperature (February) and resulting NDVI (April or May) in China. Kaspersen et al. [33] also find a one month lag between growing season NDVI and rainfall. Considering the delayed effects of climatic factors on NDVI values [47, 48] , the relationship between monthly NDVI and the lag effect of temperature and precipitation and its spatial pattern needs deeper exploration Previous findings and the current research mentioned above led to our research questions: How has the level of greenness observed in different months in China changed over the past three decades? What are the regional patterns of change in these vegetation dynamics (mean and minimum NDVI, and its variation) and how are they linked with vegetation regionalization? How do the effects of temperature and precipitation on vegetation dynamics differ spatially? How do the delayed effects of climate occur temporally and spatially?
In this study, we first analyzed changes in annual, growing season and monthly mean NDVI, annual apparent minimum NDVI and its annual standard deviation for each vegetated pixel and these changes at the vegetation region scale. We then explored the relationship between changes in NDVI and the climatic factors (temperature and precipitation) to gain further insight into the contributions of climate to changes in vegetation. A piecewise regression model was applied to the trend and turning point (TP) analyses over the last three decades. As only a small proportion of the land surface area has had obvious disturbances over the last 30 years [49] , errors from land use change are negligible [50] and were not be analyzed in detail.
Datasets and Methods

Datasets
We used the Global Inventory Modeling and Mapping Studies (GIMMS) third-generation NDVI dataset derived from Advanced Very High Resolution Radiometer (AVHRR) sensors (NDVI3g) at 1/12 degree (0.0825 degree) spatial resolution and a 15-day interval, spanning July 1981 to December 2011. This dataset was developed under the framework of the GIMMS project. The GIMMS NDVI datasets have been corrected to minimize various deleterious effects, such as calibration loss, orbital drift and volcanic eruptions, and are suitable for identifying long-term trends in vegetation activity [36, 39] . We generated monthly NDVI by applying the maximum value composite method from the two NDVI images of each month, to reduce noise in the NDVI data [51] . Any pixels with a 30-year averaged NDVI value less than 0.1 were considered non-vegetated areas [37, 52] and were masked out.
We used air temperature at 2 m above ground level and precipitation rate, taken from NCEP Climate Forecast System Reanalysis and its version 2 (CSFV2) products [53, 54] , with spatial resolution 0.5 degree and 6-hour intervals. This dataset spans the period from January 1979 to December 2011. To match the resolutions and scales of meteorological data with the NDVI3g data, we averaged the meteorological data to monthly and yearly values, and resampled them to a spatial resolution of 1/12 degree using the nearest neighbor method. The vegetation map of China, based on different landforms, climate, soil and human activity, produced by the Institute of Botany, Chinese Academy of Sciences [55] , was used for analysis of different regions. China was separated into eight vegetation regions (Figure 1 ), as follows: (1) cold temperate deciduous coniferous forest (DCF); (2) temperate coniferous and broadleaf mixed forest (MF); (3) warm temperate deciduous broadleaf forest (DBF); (4) subtropical evergreen broadleaf forest (EBF), (5) tropical monsoon and rainforest (RF); (6) temperate grassland (TG); (7) temperate desert (TD) and (8) Qinghai-Tibet Plateau alpine vegetation (PAV). This regionalized map has been relatively stable over the past three decades, with less uncertainty than land-cover or land-use data
Methods
A linear regression model was used to detect trends in NDVI time series, and an F-test was used to check for statistical significance. Considering the potential TP in the NDVI time series, we also used a piecewise regression model [56] to see if trends in NDVI changed over the study period. (1) where NDVI i is the NDVI time series, t i is time, and t k is the TP; when t i is before t k , the slope of NDVI i is b 1 . After t k , the slope of NDVI i is b 1 + b 2 . In addition, k is limited to between 4 and n-3, to avoid using a segment that is too short before or after the TP. The model parameters are estimated using the maximum likelihood method. This model has been widely applied in many previous studies [16, 17, 41, [57] [58] [59] [60] . We fitted the models to the NDVI time-series data using the maximum likelihood (least-squares error) method, and evaluated to see if the TPs were significant using the Akaike Information Criterion (AIC) [61] . The AIC value of a regression model (either normal regression model or piecewise regression model) is defined as (2) where RSS is the residual sum of squares, n is the sample size, and k is the number of parameters in the regression model. If the difference between the AIC values of the two models is greater than 2, the model with the lower AIC value is considered more effective, i.e., if AIC value of the piecewise regression model is less than that of the normal regression model by −2, the TP is considered significant [62] . Using this method, we determined whether the NDVI time series should be fitted using the linear regression or piecewise regression model. Furthermore, the trend of the TP will change significantly if the null hypothesis of b 2 = 0 is rejected, as occurs with the difference between the trend before and after the TP.
In addition, we applied Spearman partial correlation analysis to the monthly and annual NDVI time series data and climate factors (temperature and precipitation) to provide robust insights into their correlations, taking into account the nonlinear relationship and interaction between dynamic vegetation indices and climatic variables (temperature and precipitation). A lag time is defined as the number of months after which the NDVI shows the highest significant positive correlation coefficient with previous temperature or precipitation. The lag time is assumed to be limited to less than 6 months, based on the Ren et al. [63] finding that the effect of climate factors can persist into the next season.
One-way analysis of variance was used to test whether there is an overall difference between trends in different vegetation regions. The Games-Howell post hoc [64] analysis was used to check if vegetation regions were significantly different from each other.
Results and Discussion
NDVI Trends
Trends at Country Scale
To investigate the overall trend of NDVI in China, regionally averaged mean, standard deviation and minimum of NDVI for each year were calculated and their linear trends were analyzed (Figure 2 ). 
NDVI Trends in Each Month
Monthly trends of NDVI were also analyzed ( Table 1) . Over the past three decades, monthly mean NDVI in China increased in most growing months. The overall trends in NDVI were statistically significant for April, May, July, August and September, peaking in April and May, suggesting NDVI increased the most in spring [35, 37] 
Spatial Pattern of NDVI Trends
The three indicators, the annual mean, minimum and standard deviation of NDVI, were calculated for each pixel to represent vegetation productivity, minimum apparent coverage and seasonality, respectively, and their trends from 1982 to 2011 are shown (Figure 3) . Dark gray represents non-vegetated area, and was identified by a 30-year average NDVI less than 0.1. This sparsely vegetated area constitutes 22.5% of the study area, and is mainly located in southern Xinjiang (desert) and northern Tibet (ice/snow cover).
From 1982 to 2011, annual mean NDVI increased significantly over 33% of the vegetated area (Figure 3a) , most of these pixels were observed in central and southern China, mainly located in the following three regions: subtropical evergreen broadleaf forest, warm temperate deciduous broadleaf forest and tropical monsoon and rain forest. The annual NDVI declined sharply in the Yangtze and Pearl River deltas, because of rapid urban expansion over the past 30 years [37, 65] . Also, the regions where annual mean NDVI decreased significantly (≈8% of vegetated area in the country) were mainly observed in northeastern China; this decrease is likely to be related to agricultural reclamation [65] , consistent with the findings of Mao et al. [66] NDVI tended to decrease significantly in forest-dominated regions of the northeast China.
A small proportion (≈9%) of the vegetated area had a significant trend in minimal vegetation cover (Figure 3b ; about 60% trending positive and 40% negative); these pixels were mostly located in subtropical evergreen broadleaf forest. There were areas with a significant positive trend in minimum annual NDVI (at a rate greater than 0.0035 yr −1 ) in Jiangxi, Hunan and Hubei provinces There was a negative trend area in southwestern China, where extreme drought occurred in the late 2000s [67] . 
About 24% of China's vegetated land showed a significant trend in vegetation seasonality (indicated by the annual standard deviation of NDVI, Figure 3c ). In terms of seasonality, the areas with positive and negative trends accounted for about 21% and 3% of the vegetated area, respectively; northern China (north of 35°N) had positive trends; most regions (cold temperate deciduous coniferous forest, temperate coniferous and broadleaf mixed forest, and warm temperate deciduous broadleaf forest) had increasing trends.
In general, the growth of vegetation and its seasonal changes in the study area increased from 1982-2011, while areas with minimum apparent vegetation cover changed only marginally. Violin plots [68] , a combination of box plot and histogram were used to illustrate the different trends over different vegetation regions (Figure 4 ). Analysis of variance shows that the impacts of vegetation region on the trends in annual average, minimum and standard deviation of NDVI are significant (p < 0.001). Post hoc comparison shows that the annual mean NDVI over vegetation regions of RF, EBF and DBF had the most significant positive trends, followed by PAV and TD. Conversely, the annual mean NDVI of MF and DCF had the most significant decreasing trends. In addition, the annual minimum NDVI had the most significant positive and negative trends in RF and DCF. The trends of annual standard deviation of NDVI for all vegetation regions were significantly positive, except for RF. Grassland degradation in the Tibetan Plateau reported by Zhou et al. [69] and Cui et al. [70] was not evident in this study mainly because the Tibetan Plateau was sparsely vegetated and had low NDVI values (<0.3). It is most difficult for linear trends in NDVI time series with low values to reach a significance level because of potential noise. Moreover, most of the severely degraded grassland was observed in the headwater areas of the Yangtze and Yellow Rivers [70] , which was a local or small scale phenomenon and beyond the capacity of AVHRR based vegetation data set (~64 km per pixel). This is also a limitation of our research.
Relationship between NDVI and Climatic Factors
Relationship with Climatic Factors at a Country Scale
The time series of annual average NDVI values from 1982 to 2011 at the country scale was significantly and positively correlated with air temperature (r = 0.52, p < 0.01), but insignificantly correlated with annual precipitation (r = −0.05, p = 0.79). Thus, the overall greening trends in the study area are likely caused by the overall rate of increase in temperature (0.019 °C per year; p = 0.004) in China. The statistical analysis revealed that inter-annual variation of NDVI was dominantly linked to warming, and less influenced by variations in annual precipitation.
Spatial Pattern of NDVI-Climate Relationships
The positive correlation between the overall greening trend and warming trend may vary with vegetation region. The correlation coefficients between NDVI and climate factors at each pixel are shown in Figure 5 . In about 23.9% and 12.0% of the vegetated area, annual mean NDVI was correlated significantly with annual mean air temperature and precipitation, respectively, suggested that in larger areas vegetation growth was controlled by temperature in China. This is consistent with previous findings [46, 66] . Areas where NDVI was positively correlated with air temperature were dominant (92.76% of the significantly correlated area; Figure 5a ). Only about 7.24% of the significant temperature-correlated area was negative, mainly in northeastern China (i.e., northern Xinjiang). The significant negative correlation in the Pearl and Yangtze River delta areas is probably spurious, caused by a heat island effect and vegetation degradation, which may be the result of continued rapid urbanization. Examinations of interactions between land-use change and NDVI dynamics are beyond the scope of this study, but represent an important topic of future research.
In about 12% of the vegetated area, annual NDVI was correlated significantly with annual precipitation, with 64.3% positive and 35.7% negative. In southwestern China, the northern portion of northeastern China and western Xinjiang, the annual NDVI was significantly and negatively related to annual precipitation. In the southern Qinghai-Tibet Plateau, Hebei and Shandong provinces, and north Xinjiang, the annual NDVI was significantly and positively correlated with annual precipitation (Figure 5b ). The negative correlation between NDVI and precipitation in the northern part of northeastern China was attributed to the large number of cloudy days caused by precipitation during the cold and snowy spring weather there [37, 66] . The negative correlation on the Tibetan Plateau could be attributed to the increasing snow and ice cover caused by increasing precipitation [37] . The negative correlation of annual NDVI with precipitation in southwestern China may be tied to precipitation-related decreases of temperature [37] , increases of cloud cover, and a reduction of incoming solar radiation.
The violin plots [68] of correlation coefficients for each vegetation region are shown in Figure 6 . The impacts of vegetation regions on the correlations between NDVI and temperature and precipitation were significant (p < 0.001). Post hoc comparison shows that EBF had the strongest positive correlation with temperature, followed by DBF > RF > TG > TD > PAV. The annual NDVI for MF and DCF showed significant and negative correlation with annual temperature. TG, DBF, PAV, TD and EBF had the strongest positive correlations with annual precipitation. A negative correlation with precipitation was found only for RF. Regions with an insufficient number of pixels (<100) with significant correlations are excluded from post hoc tests. Vegetation regions with the same letters have insignificant differences in correlations. Average correlations from positive to negative are labeled in alphabetical order.
Spatial Pattern of Time Lags
The climatic factors may have delayed effects on monthly NDVI, which can vary by region. Therefore, the time lags of each pixel were calculated ( Figure 7 ). Most unmasked pixels showed significant positive correlations between monthly NDVI and corresponding monthly temperature and precipitation, with a lag time less than 6 months (99.63% and 99.17%, respectively), of which pixels with zero and one-month lag constituted a large proportion (87.40% and 76.06%). These were mainly in western, central and northern China. Precipitation was more likely to have a lag effect (74.83%) than temperature (51.90%). Monthly NDVI was remarkably related with both temperature and precipitation after more than two months in southern and southwestern China, where the monthly averages of temperature, precipitation and NDVI were all high. The spatial patterns of precipitation time lag agree with the conclusion that the response of NDVI to precipitation is faster when soils and vegetation are drier [48] . In contrast, areas with high precipitation stayed green longer when soil moisture was high [71] . Therefore, in humid areas, precipitation had a longer time-lag effect. 
Conclusions and Implications
The spatiotemporal variations in vegetation growth dynamics (three indicators) and their relations with climatic factors in China were investigated using the AVHRR NDVI data and NCEP air temperature and precipitation data during 1982-2011. The following conclusions were drawn:
(1) The overall annual NDVI in China showed a significant positive trend from 1982 to 2011 (≈0.0006 yr −1 or 0.14% yr −1 , p = 0.002).
(2) The monthly mean NDVI in June, July and August had a significant TP in1984, 1988 and 2007, respectively. The monthly mean NDVI increased rapidly in June and July prior to the TPs and decreased for June and mostly stalled in July after the TPs; while in August the annual mean NDVI stabilized prior to the TP and rapidly increased after the TP at a rate of 0.011 NDVI•yr −1 (1.71% yr −1 ).
(3) Of the vegetated area in China, about 33% showed a significant positive trend in annual mean NDVI, being mostly located in central to southern China; about 21% showed a significant positive trend in seasonality (s.d. NDVI), being most located in northern China (>35°N); a small proportion (<9%) had a significant trend in minimum vegetation coverage, with about half positive (in Jiangxi, Hunan and Hubei provinces, mainly caused by tree plantations) and half negative (in southwestern China, mainly caused by drought in the 2000s).
(4) At the vegetation region scales, changes in vegetation growth dynamics were significantly correlated with air temperature (p < 0.001); at the country scale, changes in NDVI was significantly and positively correlated with annual air temperature (r = 0.52, p < 0.01) and insignificantly correlated with annual precipitation (p > 0.1).
(5) In about 24% of the vegetated area, annual mean NDVI was correlated significantly with air temperature (93% positive and remainder negative); and in 12% of the vegetated area, annual mean NDVI was correlated significantly with annual precipitation (65% positive and 35% negative).The spatiotemporal variations in vegetation growth dynamics were controlled primarily by temperature and secondly by precipitation. Vegetation growth was also affected by human activities, such as plantations, urbanization and agricultural practices in some regions.
(6) Monthly NDVI was significantly correlated with the preceding month's temperature and precipitation in western, central and northern China. The effects of a climate lag of more than two months in southern China may mainly be caused by the abundance of precipitation.
The results presented in this study demonstrate that annual vegetation productivity and seasonality in China vary among different vegetation regions. These different spatial patterns of gradual changes and TPs indicate complexity in vegetation growth dynamics and a nonlinear response of vegetation to global climatic changes and other drivers. The mechanisms behind the temporal and spatial dynamics of vegetation productivity in the context of accelerated global environmental change are not well understood. Divergence between the findings and those of previous researchers using different lengths of NDVI data series at different scales, suggests that continuing efforts to monitor vegetation changes (in situ and satellite observations) over time and at broad scales are greatly needed and critical for the management of ecosystems, biodiversity, and for diagnosing and adapting to global climatic changes. Moving forward it is difficult to understand vegetation dynamics and its interaction with global climatic change. It is likewise difficult to predict well future vegetation growth and carbon sinks, without linking these observations to mechanistic terrestrial ecosystem processes models which integrate all the satellite and in situ observations. 
